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and Technology, Wuhan, ChinaABSTRACT Protein folding is a complex multidimensional process that is difficult to illustrate by the traditional analyses based
on one- or two-dimensional profiles. Analyses based on transition networks have become an alternative approach that has the
potential to reveal detailed features of protein folding dynamics. However, due to the lack of successful reversible folding of
proteins from conventional molecular-dynamics simulations, this approach has rarely been utilized. Here, we analyzed the
folding network from several 10 ms conventional molecular-dynamics reversible folding trajectories of villin headpiece subdo-
main (HP35). The folding network revealed more complexity than the traditional two-dimensional map and demonstrated
a variety of conformations in the unfolded state, intermediate states, and the native state. Of note, deep enthalpic traps at
the unfolded state were observed on the folding landscape. Furthermore, in contrast to the clear separation of the native state
and the primary intermediate state shown on the two-dimensional map, the two states were mingled on the folding network, and
prevalent interstate transitions were observed between these two states. A more complete picture of the folding mechanism of
HP35 emerged when the traditional and network analyses were considered together.INTRODUCTIONUpon release from the ribosome, newly synthesized proteins
can quickly fold to their native structures. The fast folding
of proteins, however, disguises the complexity of the folding
process. According to the funnel theory regarding the
protein-folding mechanism, numerous traps exist on the
folding landscape (1) and prevent proteins from folding on
an even faster timescale. Traditionally, the protein-folding
process has been illustrated by simple reaction coordinates
such as the root mean-square deviation (RMSD), radius of
gyration, solvent-accessible surface area, hydrogen
bonding, native contacts, helicity, and potential energy.
More recently, investigators have constructed two-dimen-
sional (2D) protein-folding landscapes using an arbitrary
combination of two such reaction coordinates (2). However,
given the significantly reduced dimensionality of one-
dimensional (1D) profiles or smooth 2D landscapes, the
roughness of the protein-folding landscape, and the hetero-
geneous nature of protein-folding pathways, it can be diffi-
cult to ascertain detailed and important features of protein
folding from these simple representations (3). As more
and more successful folding simulations are being reported
(4–11), it is becoming more urgent to find effective ways to
present protein folding.
To this end, Krivov and Karplus (12) proposed a discon-
nectivity graph with a tree representation of the populated
conformations from simulation. An analysis of a long
reversible folding trajectory of a b-hairpin (13) revealed
the existence of multiple unfolded basins, including both en-
thalpic and entropic basins. This was in stark contrast to theSubmitted March 22, 2010, and accepted for publication August 30, 2010.
*Correspondence: leihx@big.ac.cn or duan@ucdavis.edu
Editor: Nathan Andrew Baker.
 2010 by the Biophysical Society
0006-3495/10/11/3374/11 $2.002D landscape, which displayed only a single native basin
and no apparent unfolded basins.
Network analyses are a powerful means of representing
complex systems, including social interactions, protein-
protein interactions, genetic networks, and metabolic path-
ways (14). The protein-folding network was first considered
in the work of Duan and Kollman (15). In studies by Rao
and Caflisch (16,17), the network concept was adapted to
analyze the folding of a three-strand b-sheet peptide. In
addition to heterogeneity in the unfolded-state ensemble,
a hierarchical organization of native conformations was
observed. Furthermore, two major transition state ensem-
bles were identified that resided in two major folding
pathways. In another study by Muff and Caflisch (18), the
wild-type and a single-point mutant of a 20-residue protein
were simulated, and the conformational space was repre-
sented by a network. The topography of the unfolded-state
ensemble was notably changed due to a single-point muta-
tion in the central strand of a b-sheet peptide. Because no
arbitrary choices of reaction coordinates were made, one
clear advantage of the above-mentioned analyses was an
unbiased presentation of the folding scenarios. However,
these analyses require direct physical transitions between
conformations from conventional molecular dynamics
(CMD). Unfortunately, this requirement prevents the appli-
cation of such analyses to simulations with enhanced
sampling techniques, such as replica exchange MD
(REMD) (19,20), in which the conformational transitions
are nonphysical. Therefore, these powerful analyses have
not been widely used in protein folding.
Villin headpiece subdomain (HP35) is a small, 35-residue
protein with a unique three-helix architecture. The folding
of HP35 has been studied via experiments and computerdoi: 10.1016/j.bpj.2010.08.081
Folding Network of HP35 3375simulations (2,15,21,22,24–34). We recently conducted all-
atom folding simulations of HP35 using both CMD and
REMD, and achieved successful folding in both cases
(the lowest Ca RMSD was<0.5A˚) (6,8). Based on the simu-
lations, we constructed the folding landscape and proposed
a two-stage folding mechanism in which the folded helix II/
III segment constitutes the primary intermediate state and
the formation of the second turn constitutes the main free-
energy barrier. Although the analyses revealed the overall
picture of HP35 folding, the oversimplified pathway descrip-
tion was an incomplete depiction of the complex folding
process. In the work presented here, we generated long,
reversible folding trajectories of HP35 by CMD and applied
a network analysis to them in an attempt to provide a more
realistic picture of HP35 folding.FIGURE 1 Time histories of folding measurements using Ca-RMSDs
(residues 2–34) with reference to the x-ray structure of HP35 (PDB code
1YRF). From top to bottom: Ca-RMSDs of the WTP, WTC, and WTF,
WTI, and WTK trajectories.MATERIALS AND METHODS
The simulations were conducted with the sander program in the AMBER
simulation package (35). From previous ab initio folding simulations
(1 ms for each trajectory) (6,8), five trajectories were selected to continue
to 10 ms from the previous endpoints of 1 ms. As in the previous simulations,
the all-atom point-charge force field AMBER FF03 was chosen to represent
the protein (36), and the combined generalized-Born (37) and surface area
model was chosen to mimic the solvation effect (igb ¼ 5, and surface
tension ¼ 0.005 kcal/mol/A˚2). The temperature was set to 300 K, and
was controlled by applying Berendsen’s thermostat (38) with a coupling
time constant of 2.0 ps. The ionic strength was set to 0.2 M. The cutoff
for both the general nonbonded interaction and the generalized-Born
pairwise summation was set to 12 A˚. SHAKE was applied for bond
constraint (39). The time step was set to 2 fs. Slow-varying terms were
evaluated every four steps. The coordinates were saved every 10 ps. The
simulations were run on a Linux computer cluster and each simulation
trajectory occupied a single node with eight cores. It took ~15 min to
complete each 1 ns run, and the total computer time required for each unin-
terrupted 10 ms simulation was ~104 days.
In the analysis of the main-chain hydrogen bond, we used the standard
criteria that the cutoff for the donor-acceptor distance was 3.5 A˚ and the
donor-hydrogen-acceptor angle cutoff was 120. To visualize the folding
landscape, we constructed a 2D map from the simulation using the
Ca-RMSDs of segments A and B (RA and RB) as the reaction coordinates
(see the Supporting Material). Consistent with the results from our earlier
REMD simulation, we found that the folding landscape could be divided
into four distinct regions: the folded region, N (bottom left, RA < 2.0 A˚
and RB < 2.0 A˚); the unfolded region, U (top right, RA > 2.0 A˚ and
RB > 2.7 A˚); the major intermediate region, I1 (bottom right, RA >
2.0 A˚ and RB < 2.7 A˚); and the minor intermediate region, I2 (top left,
RA < 2.0 A˚ and RB > 2.0 A˚).
Comprehensive network analyses were conducted on all five trajectories.
Hierarchical clustering was conducted on each individual trajectory. Two
snapshots were considered as neighbors when their pairwise Ca-RMSD
was <2.0 A˚. One residue from each terminus was excluded in the
clustering due to high flexibility. Within each cluster, the snapshot with the
most neighbors was identified as the center of the cluster. The process was
iterated to identify other clusters from the remaining snapshots. The choice
of the cutoff value for clustering is important. In our previous work (6,8),
we experimented with 1.5 A˚, 2.0 A˚, 2.5 A˚, and 3.0 A˚, and concluded that
2.0 A˚ is the most appropriate cutoff for this protein based on the optimal
balance between the separation of clusters and the number of clusters. There-
fore, we chose 2.0 A˚ as the cutoff for the clustering in this work.
Each of the above-derived clusters is a node of the network. The edges of
the networks were represented by the transitions among the clusters.The change from one cluster to another between neighboring snapshots
in either direction was counted as one transition. The nodes (clusters)
with at least one direct transition were linked together. The network soft-
ware VISONE was used to visualize the network (http://visone.info).
A uniform layout was chosen to present the network. The network nodes
were colored according to the folding state or average potential energy.
The folding state of each node was represented by the property of the cluster
center, but the potential energy of each node was defined as the average
potential energy of all the snapshots in the cluster. A python package, Net-
workX, was used to analyze the folding network. The dijkstra_path method
was used to calculate the weighted shortest paths among top 10 clusters,
from which a simplified minimal network was constructed. There are
many other ways to analyze the folding network. We also conducted other
analyses, such as hubs and bottlenecks, but they did not provide more
insight into the folding mechanism of HP35. Therefore, we elected to
present only the network analyses that are highly relevant to the folding
mechanism. For more details, please refer to the Supporting Material.RESULTS
From our previously conducted 20 folding simulations by
CMD (6,8), we selected five trajectories to continue to
10 ms at 300 K from the previous endpoint of 1 ms. We
observed multiple folding events in all five trajectories
that were subjected to comprehensive network analyses.
The reversible folding of HP35 in the five trajectories, as
measured in terms of Ca-RMSD, is illustrated in Fig. 1. As
we can see from the global Ca-RMSD profiles (here, unless
specified otherwise, the global Ca-RMSD refers to residues
2–34, excluding the terminal residues 1 and 35, and relative
to the x-ray structure of HP35 with the PDB code 1YRF),
the native state was reached several times in all five trajec-
tories. In trajectory WTP, the native state was reached
during 0.6–2.1 ms and 5.7–6.4 ms, and transient folding
occurred several times. After ~7.5 ms, the global Ca-RMSD
in trajectory WTP slowly decreased and reached ~2.5 A˚
during the last microsecond of the simulation. In trajectory
WTC, the native state was reached during 0.3–0.6 ms,Biophysical Journal 99(10) 3374–3384
FIGURE 2 Folding network of trajectory WTP.
(A) Representative structures of the 10 clusters
with the highest population. The structures are
colored by the folding states (purple for the folded
state, green for the major intermediate state, yellow
for the minor intermediate state, and blue for the
unfolded state). The three hydrophobic core resi-
dues (residues F6, F10, and F17) are shown in
ball-and-stick representation. Below the structures
are the structural properties, including the overall
Ca-RMSD and population of the cluster. (B) The
fully connected folding network. Nodes are
colored according to the folding state of each
cluster. (C) A simplified minimal folding network
that includes the top 10 nodes. Nodes are colored
according to the folding state of each cluster. Tran-
sition numbers between selected pairs of nodes are
also shown.
3376 Lei et al.8.5–8.9 ms, and 9.6–10.0 ms. In trajectory WTF, the native
state was reached during 0.2–1.0 ms and 1.3–1.7 ms. In
trajectory WTI, the native state was reached during 0.3–
0.7 ms, and transient folding occurred near 2.8 ms and
4.0 ms. In trajectory WTK, the native state was reached
during 0.5–0.7 ms, 2.1–3.0 ms, and 4.4–4.6 ms.
For comparison, we analyzed these five trajectories using
both traditional and network methods. To construct the
folding network of HP35, we applied hierarchical clustering
to the individual trajectories. The clusters were defined as
the nodes, and the conformational transitions between
each pair of clusters were defined as the edges. The folding
network was visualized by means of the network analysis
software VISONE. Here, we mainly focus on describing
the network analyses. Details of the traditional analyses
are available in the Supporting Material and will be
described in the Discussion section.Folding network of trajectory WTP
To construct the folding network, it is necessary to deter-
mine the sampled conformations (nodes) and the transitionsBiophysical Journal 99(10) 3374–3384among those conformations (edges). Clustering is a widely
accepted method to demonstrate conformational sampling.
With the cutoff Ca-RMSD ¼ 2.0 A˚, we obtained a total of
468 clusters for trajectory WTP by hierarchical clustering.
Within each cluster, the structure with the most neighbors
was defined as the center of the cluster. Hereafter, we will
use the properties of the cluster centers to represent the
clusters, except for the potential energy, for which the
average value was used. Among the 468 clusters, the top
10 clusters accounted for ~39.3% of the total snapshots
(Fig. 2 A). In addition, with the combined population of
30.67%, all of the top five nodes had Ca-RMSD < 3.5 A˚,
indicating good folding in this simulation trajectory.
According to the 2D folding landscape described in our
earlier studies, four of the top 10 clusters belonged to the
native state (cluster 1 with 8.54%, cluster 3 with 6.15%,
cluster 5 with 3.56%, and cluster 8 with 1.84%), three clus-
ters belonged to the major intermediate state (cluster 2 with
7.25%, cluster 4 with 5.17%, and cluster 10 with 1.42%),
and three clusters belonged to the unfolded state (cluster 6
with 1.94%, cluster 7 with 1.88%, and cluster 9 with
1.50%). Therefore, within the top 10 clusters, the combined
Folding Network of HP35 3377population was 20.09% for the native state, 13.84% for the
major intermediate state, and 5.32% for the unfolded state.
Because of its much smaller population, the minor interme-
diate state was not represented in the top 10 clusters.
Diverse sampling of conformations within each folding
state was observed among the top 10 clusters. Within the
native state, although both segments were folded to
<2.0 A˚, the four clusters displayed distinctive characteris-
tics. Clusters 3 and 5 had subangstrom folding in both
segments, and thus good overall folding (1.71 A˚ and
1.10 A˚, respectively). The individual helices were better
formed in cluster 3, but the overall RMSD was smaller in
cluster 5 due to the more native-like orientation of the helices
and the better native packing of the hydrophobic core (0.96 A˚
RMSD for cluster 5, and 1. 36 A˚ for cluster 3). The larger
RMSD in cluster 1 (3.19 A˚) was caused by the nonnative
planer arrangement in segment A and bad packing of the
hydrophobic core (2.77 A˚ RMSD), whereas the larger
RMSD in cluster 8 (3.31 A˚) was caused by the nonideal helix
formation in segment B (1.56 A˚ RMSD).Within the interme-
diate state, the difference in segment A was even more
pronounced (from 2.54 A˚ in cluster 2, to 3.73 A˚ in cluster 4
and 4.58 A˚ in cluster 10). Although the folding of segment
B was very good in cluster 2 and the overall folding was
decent (2.31 A˚ RMSD), it still belonged to the intermediate
state because of the poor formation of helix I. The less
well-folded segment B, together with the poor formation of
helix I and the helix I-II linker region led to a larger overall
RMSD in clusters 4 and 10 (3.44 A˚ and 3.88 A˚, respectively).
In addition, F6 was far away from F10 and F17 for all those
three nodes, leading to a large RMSD for the hydrophobic
core (>4.77 A˚). Within the unfolded state, all three clusters
had helix I pointing in the wrong direction, leading to very
large RMSD in segment A (>5.11 A˚) and the hydrophobic
core (>4.38 A˚). In addition, this wrongly oriented helix I
also interfered with the folding of segment B, leading to
wider separation of helices II and III and a large RMSD in
segment B (>3.74 A˚). Overall, the very large global
RMSD (>6.79 A˚) in the unfolded state was mainly caused
by the nonnative packing of the three helices.
Based on the above-mentioned clustering and the detec-
tion of transitions among the clusters, we constructed
a folding network (Fig. 2 B). Among the 468 clusters, there
were 29 clusters in the native state with a combined popula-
tion of 29.6%, 291 clusters in the major intermediate state
with a combined population of 52.3%, 12 clusters in the
minor intermediate state with a combined population of
0.9%, and 136 clusters in the unfolded state with a combined
population of 17.2%. The color of each node was based on
the folding-state assignment of the cluster center, and the
size of each node was based on the population of the cluster.
In addition, the structures of the 10 largest nodes were illus-
trated on the network.
Based on the network topology, we concluded that the
folding network consisted of two modules (i.e., intercon-nected groups of clusters): a dense module at the top and
a loose module at the bottom. The distribution of folding
states was very clear on this network. The native conforma-
tions and major intermediate conformations were at the top,
whereas the unfolded conformations and a few minor inter-
mediate conformations were mostly at the bottom. The good
separation of folding states suggested a flow of conforma-
tions from the unfolded state to the major intermediate state
and finally to the folded state. Of interest, the native confor-
mations and major intermediate conformations were not
well separated, indicating frequent transitions between the
two states. In fact, we observed 4629 transitions between
these two states (balanced in both directions), but much
fewer transitions between any other pairs of states. The
high connectivity between the native and the major interme-
diate states suggested that the clear separation of the two
states on the 2D landscape may not be an accurate depiction
of the real folding landscape of HP35. Further examination
of the network revealed more details about the folding
mechanism. The mixing of the minor intermediate confor-
mations with the unfolded conformations suggested that
the minor intermediate state is an off-pathway intermediate
state. More importantly, multiple routes of transitions
between the unfolded conformations and major intermediate
conformations were observed, suggesting heterogeneity in
the folding/unfolding of HP35.
Since the top 10 nodes accounted for nearly 40% of the
total population, a minimal network connecting the top
10 nodes would be an informative representation of the
entire network. High intrastate connectivity was observed
in this minimal network (Fig. 2 C). The three nodes at the
unfolded state were directly interconnected, as were the
four nodes at the native state and two of the three nodes at
the major intermediate state. The four nodes at the native
state were clustered together but had connections with
several surrounding nodes at the major intermediate state.
The nodes at the unfolded state were all clustered together
and had only one connection with the major intermediate
state. It was also evident that the intrastate transitions signif-
icantly outnumbered the interstate transitions. Consistent
with the full network, this minimal network demonstrated
a good connection between the native state and the major
intermediate state, and isolation of the unfolded state from
those two states.Folding networks of the other four trajectories
As with many other descriptions of protein folding, a folding
network should not be overinterpreted on the basis of
a single folding trajectory. To demonstrate this, we con-
structed folding networks based on the other four trajecto-
ries. In comparison with the above-described network, we
observed both similarities and differences.
Among the top 10 nodes in trajectory WTC (Fig. 3 A),
there were eight clusters at the major intermediate stateBiophysical Journal 99(10) 3374–3384
FIGURE 3 Folding network of trajectory WTC.
For details, refer to the legend of Fig. 2.
3378 Lei et al.and two clusters at the native state, whereas both the
unfolded and minor intermediate states were absent due to
the lower population. Consistent with trajectory WTP,
conformational heterogeneity was observed within both
the native and major intermediate states. The folding
network mainly consisted of two modules (Fig. 3 B). The
upper-right portion of the network was a loosely connected
module at the unfolded state. The lower-left portion was
a densely connected module mostly at the native or major
intermediate state. The relatively good separation between
the unfolded state and the other two states was consistent
with trajectory WTP. The major deviation was the signifi-
cantly higher population in the major intermediate state.
In addition, the mixing of a few unfolded conformations
with major intermediate conformations was observed at
the left corner of the network. Among the top 10 nodes,
the two native conformations and seven of the eight major
intermediate conformations had direct intrastate transitions
(Fig. 3 C). The minimal network connecting the top 10 no-
des again demonstrated that the native state was imbedded
in the major intermediate state. Due to the much longer
distance from the top 10 nodes, none of the unfolded confor-
mations were included in this minimal network, further sup-Biophysical Journal 99(10) 3374–3384porting the separation of unfolded state from those two
states.
In trajectory WTF, the major intermediate conformations
were absent from the top 10 list due to the low population
(Fig. 4 A). The top 10 nodes consisted of nine unfolded
conformations and one native conformation. Structural
heterogeneity was also observed among the nine unfolded
conformations. The folding network consisted of two
modules (Fig. 4 B): a module with only unfolded conforma-
tions on the right, and another module on the left with mixed
native and major intermediate conformations. The minimal
network suggested the clear transition from the unfolded
state to the major intermediate state and then the native state
(Fig. 4 C). The good separation of the unfolded state from
the other two states was evident from the minimal network.
In addition, the top nine unfolded nodes had high intrastate
connectivity, which is consistent with the network features
from the other two trajectories.
The unfolded state was also highly populated in trajectory
WTI (Fig. 5 A). The top 10 nodes consisted of four unfolded
conformations (total population 43.9%), four major inter-
mediate conformation (total population 4.78%), and two
native conformations (total population 4.30%). The folding
FIGURE 4 Folding network of trajectory WTF.
For details, refer to the legend of Fig. 2.
Folding Network of HP35 3379network mainly consisted of four modules (Fig. 5 B): three
on the left with mostly unfolded nodes and a few small
minor intermediate nodes, and one highly connected module
on the right with the major intermediate and native nodes.
The mixing of the major intermediate and native nodes,
and the good separation from the unfolded node can also
be clearly seen on the minimal network (Fig. 5 C).
The top 10 nodes of trajectory WTK consisted of four
major intermediate nodes (total population 11.68%), three
native nodes (total population 10.27%), and three unfolded
nodes (total population 5.56%) (Fig. 6 A). The folding
network mainly consisted of three modules: two small
ones on the left with unfolded nodes, and a large one on
the right with mixed native and major intermediate nodes
(Fig. 6 B). This feature is also reflected on the minimal
network (Fig. 6 C).DISCUSSION
Comparison with classical theories
of protein folding
To further dissect the folding events, we conducted analyses
on the partial folding of the protein, including segmentfolding, hydrophobic core formation, turn formation, and
formation of the individual helices (for details, see the Sup-
porting Material). Here we describe the main observations
from those analyses and compare them with general theories
of protein folding.
In trajectory WTP, the Ca-RMSD profile of segment A
(residues 2–20, encompassing helices I and II) was very
similar to the global Ca-RMSD profile. However, the
Ca-RMSDprofile of segment B (residues 13–31, encompass-
ing helices II and III) was below 2.0 A˚ during the majority of
the simulation time. A similar feature was observed in other
trajectories, although segment B unfolded after ~2 ms in
trajectory WTF. This indicated that the folding of segment
B was faster and more robust, whereas the dynamics in
segment A led to the fluctuation of global Ca-RMSD. This
observation is consistent with the diffusion-collision theory
proposed by Karplus and Weaver (40), which holds that
protein folding is guided by the diffusion and collision of pre-
folded secondary structure elements. In the case of HP35, the
prefolded helices II and III collide with each other and form
folded segment B, which then collides with the prefolded
helix I and forms the globally folded HP35.
We then examined the formation of the individual helices.
In trajectory WTP, the first two hydrogen bonds in helix IIIBiophysical Journal 99(10) 3374–3384
FIGURE 5 Folding network of trajectory WTI.
For details, refer to the legend of Fig. 2.
3380 Lei et al.and the middle two hydrogen bonds in helix I had signifi-
cantly higher occupancy than the neighboring hydrogen
bonds. A similar feature was observed in other trajectories.
This suggests that these helical turns may be critical for
HP35 folding. The initiation of folding from the formation
of helical turns is consistent with the nucleation-condensa-
tion theory (41). According to our simulation, the folding
of HP35 initiated from the N-terminal of helix III and the
middle of helix I, which formed two folding nuclei. This
subsequently propagated to the formation of individual
helices, followed by the diffusion and collision step. In
a way, these two major folding theories were unified in
the folding of HP35 from our simulation.
To compare our results with the hydrophobic-hydration
theory (42), we investigated the formation of the hydro-
phobic core by three phenylalanine residues: F6, F10, and
F17. In trajectory WTP, the hydrophobic core RMSD profileBiophysical Journal 99(10) 3374–3384followed a fluctuation pattern similar to that of the global
Ca-RMSD and the Ca-RMSD of segment A, in contrast to
the much more stable pattern of the Ca-RMSD of segment
B. A similar feature was observed in other trajectories.
This suggests that the formation of this hydrophobic core
is not the driving force behind HP35 folding, perhaps
because of the relatively small hydrophobic cluster formed
by the three phenylalanine residues.Analyses of energetics
To further investigate the driving force of the folding, we
calculated the average potential energy (including the solva-
tion free energy) of the top 10 clusters (Fig. 2). In trajectory
WTP, the native conformations had the highest average
potential energy (622.67 kcal/mol, 620.27 kcal/mol,
624.90 kcal/mol, and 621.33 kcal/mol for clusters 1, 3,
FIGURE 6 Folding network of trajectory WTK.
For details, refer to the legend of Fig. 2.
Folding Network of HP35 33815, and 8, respectively), the unfolded conformations had
the lowest average potential energy (629.23 kcal/
mol, 627.51 kcal/mol, and 631.35 kcal/mol for clusters
6, 7 and 9, respectively), and the average potential energy
of the major intermediate conformations was in between
(625.85 kcal/mol, 625.05 kcal/mol, and 624.00 kcal/
mol for clusters 2, 4, and 10, respectively). A similar trend
was observed in trajectories WTC and WTF.
The lower potential energy in the unfolded state was likely
due to the higher compactness (data not shown). In trajectory
WTP, the least compact conformation among the top 10 clus-
ters was a major intermediate conformation (cluster 10) with
3327 A˚2 total accessible surface area, and the most compact
conformation was an unfolded conformation (cluster 9) with
3072 A˚2 total accessible surface area. Another unfolded
conformation (cluster 7) had the second-lowest accessible
surface area (3123 A˚2). A similar trend was observed in other
trajectories. Higher compactness led to more atom contact
and lower potential energy. However, the overall correlation
between potential energy and accessible surface area was not
strong (data not shown).
We also investigated the energy distribution on the
network by using the average potential energy of clustersfor color-coding (see Supporting Material). In trajectory
WTP, the more-populated nodes generally had lower poten-
tial energy (<619 kcal/mol). Among the lower-energy
nodes, the larger nodes at the bottom (unfolded conforma-
tions) had the lowest potential energy (<626 kcal/mol),
and most of the larger nodes on the top (native or major
intermediate conformations) had slightly higher potential
energy (626 to 619 kcal/mol). A similar trend was
observed in other trajectories.Comparison with recent findings from
experiments
To further reveal the energy barriers on the folding land-
scape of HP35, we constructed 2D maps based on segment
RMSD (see Supporting Material). From the 2D maps, we
observed two free-energy barriers: a major one from the
U state to the I1 state, which corresponded to the folding
of segment B; and a minor one from the I1 state to the N
state, which corresponded to the subsequent folding of
segment A. This is consistent with observations in our
previous work (6,8).Biophysical Journal 99(10) 3374–3384
3382 Lei et al.We then examined the role of the second turn in the
folding of segment B. In trajectory WTP, the turn RMSD
profile was similar to that of segment B (see Supporting
Material), indicating a high correlation between the turn
formation and the folding of segment B with helices II
and III connected by this turn. A more careful examination
revealed that the turn formation was slightly ahead of the
segment B folding, and the variation of the RMSD in
segment B was higher than that of the turn. A similar feature
was observed in other trajectories. This suggests that forma-
tion of the second turn may be critical for segment B
folding, and likely constitutes the rate-limiting step. This
is also consistent with observations in our previous work
(6,8). However, we should note that, although HP35 reached
the native state within 1 ms in some simulation trajectories, it
is difficult to estimate the folding rate based on our simula-
tion due to the limited number of simulation trajectories (20
in our previous work and five in this work).
HP35 is one of the most studied proteins in the field of
protein folding. We have reviewed some of the notable
studies in our previous works (6,8). Some of the predictions
we made in those studies regarding the folding mechanism
were subsequently verified by experiments. In an unfolding
study using fluorescence resonance energy transfer, Glass-
cock and co-workers (43) demonstrated that the turn linking
helices II and III remains compact under the denaturation
condition, suggesting that the unfolding of HP35 consists
of multiple steps and starts with the unfolding of helix I.
In a mutagenesis experiment, Bunagan et al. (44) showed
that the second turn region plays an important role in the
folding rate of HP35. A recent freeze-quenching experiment
by Hu and co-workers (45) revealed an intermediate state
with native secondary structures and nonnative tertiary
contacts. These experiments are highly consistent with our
observations in terms of both the stepwise folding and the
rate-limiting step. Kubelka et al. (46) proposed a three-state
model in which the interconversion between the interme-
diate state and folded state is much faster than that between
the intermediate state and the unfolded state. Therefore, the
intermediate state lies on the folded side of the major free-
energy barrier, which is consistent with the separation of the
unfolded state from the other two states in our folding
network. The estimation of 1.6–2.0 kcal/mol for the major
free-energy barrier is also consistent with the estimation
from our previous REMD simulation (47).
Nevertheless, controversy still exists regarding the
folding mechanism of this small protein. In a recent work
by Reiner et al. (48), a folded segment with helices I/II
was proposed as the intermediate state, which corresponds
to the off-pathway minor intermediate state in our work. It
should be noted that different perturbations to the system,
including high concentrations of denaturant, high tempera-
tures, and site mutagenesis, have been utilized in different
folding experiments. Because of the small size of HP35,
the folding process may be sensitive to some of these pertur-Biophysical Journal 99(10) 3374–3384bations. With the continuous development of experimental
techniques that allow minimal perturbation and monitoring
of the folding process at higher spatial and temporal resolu-
tion, the protein-folding mechanism will become more and
more clear.Comparison with other representations
of protein folding
Because of the large number of degrees of freedom involved
in protein folding, it is inevitably a multidimensional
process that is difficult to represent. The most widely used
property to describe protein folding has been the RMSD
(either global or local). In general, the RMSD is a good
indicator of the closeness between two structures. However,
the RMSD is a degenerated numerical property. For
a protein, one RMSD value may correspond to many
different conformations. The same is true for other proper-
ties, such as the potential energy, solvent-accessible surface
area, and helicity. Therefore, when these properties are used
to describe the folding process, the exact conformational
transitions cannot be fully represented. When two of these
properties are combined to construct a 2D map, even though
the degeneracy is significantly reduced, a spot on the map
may still correspond to multiple conformations, leading to
ambiguity in the interpretation of the results. Thus, novel
representations that reflect the multidimensional nature of
protein folding are needed.
The disconnectivity graph published by Krivov and Kar-
plus (12) and the folding network developed by Rao and Ca-
flisch (16) are both promising techniques for obtaining
a multidimensional description of protein folding. The
former mainly emphasizes energy, whereas the latter
focuses more on conformation. Recently, Jiang et al. (49)
applied a Markov cluster algorithm to a folding analysis
of the trpzip2 peptide. A simplified network with five basins
was constructed and the relative free energy and interbasin
transitions were clearly demonstrated. In another work,
Rajan et al. (50) applied a principle component analysis
(PCA) and a nonmetric multidimensional scaling method
to a folding analysis of HP35. The analysis greatly reduced
the dimensionality of the simulation data and revealed the
hidden structural heterogeneity. Recently, Hori and
co-workers (51) used PCA to study the folding of protein
G and src SH3. The results revealed a funnel-shaped folding
landscape, especially toward the end of the folding process.
The folding network was characterized as hierarchical with
scale-free and small-world properties. We also conducted
a PCA of HP35 folding in our previous work (6,8). Here,
we adopted the network technique to reflect the conforma-
tional space in a fully connected network, and added folding
state and energy information to the network. This combina-
tion provided detailed information and what we believe are
new insights about the folding of HP35.
Folding Network of HP35 3383Our main observation from the RMSD profiles is that the
fast folding and high stability of segment B plays an impor-
tant role in the folding of HP35. However, it was rather
challenging to visualize the conformational change from
the RMSD curves. This situation was significantly improved
in the 2D map, where the four folding states were clearly
separated and the folding mechanism became clear.
However, this representation still oversimplified the real
protein folding process. The folding network, on the other
hand, provided more detailed information. In contrast to
the concentrated regions on the 2D map, many conforma-
tions were observed in every folding state on the folding
network. In addition, the conformational transitions could
be visualized in the form of a connected network. The use
of different colors for the network nodes, such as the folding
states, demonstrated the distribution of different properties
throughout the network. Zooming-up of the network
provided even more detailed information, such as the
conformational transition pathway and the number of transi-
tions between any pair of nodes. We conclude that the
combination of traditional and network analyses can
provide a better understanding of the folding mechanism.CONCLUSIONS
We conducted a network analysis of the reversible folding of
HP35 in a set of 10 ms folding trajectories. Compared with
the classical 2D folding landscape, the folding network
uncovered more intrinsic complexity of the folding land-
scape. Structural heterogeneity was observed in each of
the folding states, including the unfolded state, intermediate
state, and even the native state. Several groups of conforma-
tions were clearly distinguishable yet linked together.
Energetic analyses revealed deep enthalpic traps at the
unfolded state. In addition, the mixing of the native confor-
mations and major intermediate conformations on the
network was different from the clear separation of the two
states on the 2D folding landscape. In summary, comprehen-
sive network analyses of protein folding can provide new
insights into the folding mechanism.SUPPORTING MATERIAL
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